Introduction
A majority of human cancers arise within the skin. The effective cure is surgical excision of the primary tumor (Thompson et al., 2005) when the lesions are smaller than 1 mm (James et al., 2000) . Melanoma removal at early stages is almost always curative and therefore detection is essential. In fact, early detection of cancer is the most important factor in the prevention of cancer and a guarantee in most cases of an effective treatment or complete cure. Thus, the only reliable strategy to prevent death from melanoma still remains to be early diagnosis. The prognosis for a patient with stage I or II melanoma is mainly related to tumor thickness. Currently, the gold standard in most cancer diagnosis is histopathological evaluation, which involves the removal of tissue biopsies and examination by pathologists (Slater, 2000) . This process includes tissue staining and morphological pattern recognition. During tissue transformation, it is expected that substantial modifications occur at molecular level before visible morphological changes become apparent. Hence, early detection is critical in melanoma treatment, and the evolution of the tumor and its penetration into the dermis are key factors to be studied in order to understand the disease (Elder, 2006) . Melanoma is a tumor of melanocytes, which are a class of cells located at the epidermal-dermal junction. Observations in situ are limited, however, and tumor progression cannot be followed in humans due to ethical concerns.Therefore, appropriate animal model systems are needed. Second, the spatially-distributed nature of the tumor requires the use of imaging techniques but the influence of multiple cells requires biochemical contrast especially to study subtle molecular changes in early stage disease and its progression. The first is the development of model systems to study disease and the second is the development of new imaging technologies. Similarly, there have been efforts to characterize melanoma progression in biochemical terms, (Jeffs et al., 2009) including understanding the role of cells other than melanocytes in tumor evolution (Kempen et al., 2003) . While characterization of tissue and tissue models is routinely accomplished by structural imaging, a biochemical characterization typically requires destruction of the structure, thereby losing spatially specific information. A combination of biochemical and structural knowledge is often helpful and is enabled by the emerging fields of chemical imaging and microscopy.
The main objective is a detection of the source of the pathological variation at molecular level in order to further understand the molecular carcinogenic process in a range of cancers. Indeed, tumor tissues are mostly heterogeneous in nature, and this heterogeneity further depends on the stage of disease and its aggressiveness. The emergence of a novel technique, complementary to histopathology and immunohistochemistry, can thus help in the early diagnostic of tissue transformation during carcinogenesis. Fourier-transform infrared microspectroscopy (FTIRM) has emerged as a powerful tool to study molecular structure and structural interactions in biological systems. When this technique is applied to tissues, the resulting spectra is composed of characteristic absorption bands originating from all infrared-active vibrational modes of biological macromolecules present in the tissue, such as proteins, lipids, and nucleic acids (Parker, 1971) . Each of these molecules provides a unique absorption spectral pattern named fingerprint through the entire infrared spectrum. This property offers a way to identify the molecule type (qualitative analysis) and the amount or quantity of this molecule in the sample (quantitative analysis) . This method can be used as a diagnostic tool, complementary to histopathology or immunochemistry (Fernandez et al., 2005) . As the image contrast is based on the intrinsic vibrational signature of the tissue components, spectral images does not require the use of added dyes or labelling methods for visualization of different chemical components in the sample (Bates, 1976) . Indeed, FT-IRM imaging combined a high spatially resolved morphological and biochemical information that offer a number of advantages for ex-vivo assessment of tissue and aid the histopathologist in the identification and classification of subtle biochemical changes related to carcinogenesis (Petibois & Déléris, 2006; Cohenford & Rigas, 1998) . The use of a high spectral resolution and appropriate data treatment are of fundamental importance to isolate representative spectral markers of biocomponents. Correlations of morphologic and biochemical skin tissue differences could be used to identify variations that occur between healthy and diseased tissues. The development of clinical protocols for the routine examination of tissue histology or for localized tumors using IR microspectroscopic methods has been largely used in medical diagnostics of tumors (Wong et al, 1991; Rigas et al, 1990; Krafft, , 2007 Amharref et al, 2006; . Previous studies have investigated the structure of skin (Garidel, 2002 (Garidel, , 2003 , diseases (Tfayli et al., 2005 , Hammody et al., 2005 Ly et al., 2008) dynamics of diffusion (Mendelsohn et al., 2003 (Mendelsohn et al., , 2006 Morganti et al., 1999; Dary et al., 2001; Tetteh et al., 2009) or use it as a model system for studies (Bhargava and Levin., 2004) . In vivo Raman and IR studies have not examined skin cancers, but focus on the effect of hydration and penetration enhancers on the stratum corneum (Pirot et al, 1997; Casper et al, 2003) . Ex vivo IR studies indicate differences between skin tumors and normal skin (Wong et al, 1993) ; however, such studies have not taken into account the effect of the heterogeneous nature of the skin. Infrared spectra contain many overlapping bands and so data interpretation cannot be made by simple visual inspection and alternative approaches are needed. Because of the high complexity of the FTIR spectra obtained from tissues, multivariate statistical methods are required to extract biochemical information related to tissue. This would permit to objectively differentiate distinct tissue structures and for identifying origin that gave rise to the specific tissue pathology. These methods have had a major impact on the quantitative and qualitative analysis of infrared spectral data. They have been shown to improve analysis precision, accuracy, reliability, and applicability for infrared spectral analyses relative to the more conventional univariate methods of data analysis. Rather than attempting to find and use only an isolated spectral feature in the analysis of spectral data, multivariate methods derive their power from the simultaneous use of multiple intensities (i.e. multiple variables) in each spectrum (Mourant et al., 2003) . During the last decade, it has been recognized that FT-IR, in combination with the appropriate multivariate analysis strategies, has considerable potential as a metabolic fingerprinting tool for the rapid detection and diagnosis of disease or dysfunction (Goodacre et al., 2004; Diem et al., 1999) . Multivariate imaging techniques including Unsupervised Hierarchical Cluster Analysis (UHCA) (Jackson et al., 1998; Mohlenhoff et al., 2005) , K-means clustering (Lasch et al., 2004; Zhang et al., 2003) , Principal Components Analysis (PCA) (Lasch and Naumann, 1998) , Linear Discriminant Analysis (LDA) (Mansfield et al, 1999) , Fuzzy C-means clustering (Lasch et al., 2004; Mansfield et al., 1997) and neural networks (Lasch and Naumann, 1998) have proven to be invaluable in the identification of spectral groups or "clusters" which can be directly compared to stained tissue sections. In multivariate methods, the information of the entire spectrum can be utilized for the analysis. The high correlation of spectral clusters with anatomical and histopathological features has been conclusively demonstrated for a number of different tissue types. Thus, the objective of this study will be to detect the source of the pathological variation at molecular level in order to further understand the molecular carcinogenic process in a range of melanoma disease, and the development of FTIRM to provide non-destructive, rapid, reproducible diagnosis, and minimize inter-observer variability. The identification and quantification of these specific molecular changes within skin can provide diagnostic information for aiding in early detection of diseases and their optimized treatment. The aim of this chapter will be the monitoring and interpretation of molecular changes associated to melanoma growth and invasion by FTIRM imaging on animal models.
FTIR characterization of normal skin tissues and melanoma progression using cluster analysis 2.1 Animals and cell lines
Six-to eight-week-old female B6D2F1 mice were purchased from the Charles River Laboratories (Iffa Credo, L'Arbresle, France) and housed at the animal maintenance facility of the Centre de Biotechnologies, U.F.R. Pharmacy, Reims, France. The treatments of mice protocols were according to the Institutional Animal Care and Use Committee guidelines. B16R, a pigmented mouse melanoma cell line from C57Bl/6 (H-2b) origin resistant to 3.5 x 10 -7 M doxorubicin was obtained from National Tumour Institute of Milan (Mariani et al., 1990) . B16R were maintained in 5% CO 2 atmosphere at 37°C, in complete RPMI 1640 medium (Invitrogen, Cergy-Pontoise, France) supplemented with 10% heat-inactivated FBS (Invitrogen).
Tumour induction
For tumor induction, B6D2F1 mouse (five animals per group) were shaved on the right flank and subcutaneously challenged with 1 x 10 6 viable B16R cells in NaCl 0.9%. The size of the tumors was assessed in a blinded, coded fashion twice weekly and recorded as tumor area (in square cM) by measuring the largest perpendicular diameters with callipers. The experiment was repeated twice. The melanoma tumors were obtained by the injection of melanoma cell suspension in mice skin (Odot et al., 2004; Joseph-Pietras et al., 2006 . B16R melanoma cells in B6D2F1 mice after subcutaneous injection is a well-established model. This may prove to be a good model for investigation of local growth of tumor cells and their interaction with metastatic lesions. However, the histological progression from injected cells to establish local growth of melanoma has not been studied systematically. We therefore have investigated the molecular changes and growth of B16R melanoma at the injection site during eleven days post-implantation to identify spectroscopic markers associated to early detection of tissue transformation. One million B16F10 melanoma cells were injected subcutaneously in B6D2F1 mice. All animals' developed tumors with reproducible localization and size around the site of injection (Fig. 1 ). These groups were sacrificed after 4, 7, 11 days post-implantation. After skin excision, tissue samples were snap-frozen by immersion in methyl-butane cooled down in liquid nitrogen and stored at -80°C. Two adjacent sections were cut from each sample using a cryomicrotome. One section, 10 µm thick, was placed onto infrared transparent calcium fluoride (CaF 2 ) slides for infrared imaging. The second section, 7 µm thick, was placed on a microscope glass slide and stained with hematoxylin and eosin (H&E) for histopathological image.
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Spectroscopic measurement
Spectra were collected using an FTIR imaging system (SPOTLIGHT, Perkin-Elmer, France) coupled to a FTIR spectrometer (Spectrum 300, Perkin-Elmer, France). This system is equipped with a liquid N 2 cooled Mercury-Cadmium-Telluride (MCT) line detector comprised of 16 pixel elements. The microscope was equipped with a movable, softwarecontrolled x, y stage. In this study, FTIR images were collected from selected areas with a spatial resolution of 25 µm/pixel, in transmission mode, in the 4000-720 cm -1 range, with a final spectral resolution of 4 cm -1 , and 16 scans per pixel. After atmospheric correction, data Normal Fig. 2 . All data measured on several skin tissues during tumor evolution were pooled in one dataset, processed at the same time to extract all features describing both normal and tumor tissues. Data were cut into the fingerprint region (900 to 1800 cm -1 ) and cluster analysis was carried out on the first derivative spectra (to enhance the resolution of superimposed bands). K-means was calculated the cluster-membership of spectra by assigning each color to one class. Pseudo color FTIR maps on normal skin and tumor progression at 4, 7, 11 days postimplantation were constructed were cut to fingerprint region (900 to 1800 cm -1 ), converted to their first derivative, and smoothed using a seven point Savitzky-Golay algorithm in order to minimise the influence of background scatter in the spectra (Swieringa et al., 1999) . The resulting spectra were then normalized using a Standard Normal Variate (SNV) procedure (Barnes and Dhanoa, 1989) . A multivariate statistical analysis (Principal Component Analysis (PCA) and K-Means (KM)) was performed on this dataset. K-means clustering was performed on these principal component scores. Pseudo-color maps based on cluster analysis were then constructed by assigning a color to each spectral cluster. The cluster spectra were calculated by averaging absorbance spectra associated to each group and used for the interpretation of the chemical or biochemical differences between clusters. All data measured on normal skin and melanoma development (from 4 to 11 days growth) were pooled in one dataset, processed at the same time and the results were displayed as pseudo-color maps with the same color scale. In this way, we can easily determine all their common and discriminating features by comparing their infrared maps.
Discrimination between normal and melanoma progression
FTIR technique was used to identify biochemical changes associated to melanoma progression and invasion such as proteins, nucleic acid and lipids. Fig. 2 displays FTIR pseudo-color maps of skin tissues. 10 clusters describing both normal skin and cancer features were extracted and pseudo FTIR maps were constructed with the same color scale. Different clusters in the FTIR images were correlated to normal features. White color represents the area where no tissue was present. In the pseudo-color map obtained from normal skin, clusters 1 to 4 and 8 have described all normal structures. Cluster 8 encoded almost all normal skin and the other groups were associated to superficial skin layers. At day 4 post-implantation, two particular structures (clusters 7 and 10) were located in the melanoma cells injection site. These features were associated to B16 cell growth.
From day 7, the tumor is fairly large and deeply situated within the skin with massive infiltration into the tissue. Most of normal skin was destroyed by tumor tissue. Cluster 7 observed in the border of the tumor increased from 4 to 7 days post-implantation. This cluster disappeared and all tumor was described by cluster 10. Representative cluster mean FTIR spectra extracted from pseudocolor maps. Cluster averaged spectra were obtained by meaning absorbance spectra associated to each group. 10 models describing normal and melanoma skin development. Each cluster averaged spectrum assigned to one class was plotted with the same color than in pseudo-color map Fig. 3 shows class average spectra of the normal skin and melanoma tumor tissues. These spectra are dominated by two absorbance bands at 1654 and 1546 cm −1 known as the amide I and II, respectively. The band at 1740 cm −1 arises from the stretching mode of C=O groups of lipids. The absorption band at 1398 is attributed to COOsymmetric stretching vibrations of fatty acids and amino acids. The bands at 1238 cm −1 and 1086 cm −1 are due to the antisymmetric and symmetric phosphate stretching mode PO 2 2− of nucleic acids and phospholipids respectively. The relatively weak band at 1178 cm −1 , in the normal tissue is due to stretching mode of C-O groups of proteins. The band at 968 cm -1 is attributed to the dianionic PO 2 2-monoester of nucleic acids (DNA) and phospholipids. The bands at 1466 cm -1 and 1452 cm -1 were attributed respectively to CH 2 scissoring and antisymmetric deformation of CH 3 group. In normal skin, the intensity of antisymmetric deformation of CH 3 group (1452 cm -1 ) is much greater than the intensity of the band at 1398 cm -1 attributed to COOsymmetric stretching. However, in melanoma tumor, these two bands exhibit a similar intensity (clusters 7, 9, 10) . Indeed, the band associated to C=O (1740 cm -1 ) decreased from normal to melanoma tissues. Therefore in normal tissues, absorption from CH 2 groups of the lipid acyl chains dominates the band at 1466 cm -1 . In melanoma, these two bands arise predominantly from protein side chains. In a typical protein, side chains contain approximately equal proportions of CH 2 and CH 3 groups. The comparison between normal tissue and tumor counterpart shows a decreased and even disappearance of the bands at 1466 cm -1 and 1740 cm -1 associated to lipids and phospholipids in the melanoma tissues. Indeed, malignant tissues displayed the appearance of the band at 1062 cm -1 attributed to the C-C stretching and a decrease in the intensity of the band at 1082 due to phospholipids diminution compared to normal tissues. The variations in the spectral characteristics between the normal and malignant tissues provided a basis for clinical application. We have used a cluster analysis to discriminate between normal and melanoma tissues. In fact, FTIR spectroscopy provides information on broad classes of molecules such as lipids, proteins, carbohydrates and make up the complex medium of cell and tissues. The spectrum from cells and tissues is an integration of these individual signals from all biomolecules . Since each molecular species is associated with specific frequencies, it may thus be possible to identify and quantify these biomolecules individually within the spectrum. Several authors have quantified individual constituents after tissue alteration. The models developed were used to explain the features present in the tissue/cellular spectra by using spectral data of pure molecules. The quantification of several biomolecules seen during tissue transformation can be used to classify disease states with high sensitivity, specificity, and accuracy. Wang et al. have investigated formalin-fixed Barrett's esophagus for predicting the underlying histopathology, the early detection and rapid staging of many diseases (Wang et al., 2007) . Their model seems to be very accurate in spite of the presence of a number of common spectral features or molecular interactions and variations that can broaden individual peaks. Krafft et al. have developed a supervised classification model based on the LDA algorithm to IR images of three specimens from one patient (Krafft et al., 2007) . There multivariate methods were used to develop a chemical/morphological model to quantify chemical composition of coronary atherosclerosis (Römer et al., 1998) , breast tissue (Haka et al., 2005) , porcine brain (Koljenovic et al., 2007) , and molecular concentration profiles in the skin (Caspers et al., 2001) .
To distinguish between normal and melanoma tissue, cluster averaged spectra obtained from pseudo-color maps were input in the hierarchical cluster analysis using Ward's clustering algorithm and the square Euclidian distance measure. Fig. 4 displayed the dendrogram associated to this classification. The result showed a clear distinction between all normal and tumor structures. Indeed, the class related to normal skin structures was divided to two sub-clusters associated to high lipid content (external layers) and low lipid constituents (internal layers).
Distribution of molecular changes in skin constituents associated to melanoma tumor
Peak ratios are commonly used to discriminate normal from tumor tissues. Krafft et al. have evaluated the usefulness of the lipid-to-protein ratio (2850/1655 cm −1 ) as a spectroscopic marker to discriminate between normal and tumor tissue, as well as between low-and highgrade glioma tissues (krafft et al., 2007) . We have investigated the spatial distribution of molecular changes between normal and melanoma. Integrated intensity bands ratio between the region 1360-1430 cm −1 and 1430-1480 cm −1 , attributed to COOsymmetric stretching vibrations of fatty acids and amino acids and to CH 2 scissoring and antisymmetric deformation of CH 3 group respectively were calculated. Pseudo color maps scores were constructed (Fig. 5 ) in order to characterize the differences between healthy and pathological skin. The comparison between these pseudo color scores maps shows that high scores described the melanoma structure (colorbar). These scores decreased in the normal skin tissue. This intensity ratio was correlated to the changes in lipid content. In our previous study, intensity ratios the 1466/1396cm -1 (amino acid side chain from peptides and proteins at 1466 and 1396 cm -1 were used to discriminate between normal and glioma brain tissue). Krafft et al. have demonstrated that this ratio is maximal for normal brain tissue and decreases with the progression of the disease (Krafft et al., 2007) . Another study reported a significant differences between the spectra of malignant breast cancers and benign breast tissues in the relative intensity ratios of different peaks (I1640/ I1550 and I1160/I1120 for protein structures; I1640/I1460 and I1550/I1460 for relative content of protein and lipid; I1460/I1400 for lipid structures; I1310/I1240 for nucleic acid). 
Conclusion
In this study, we have demonstrated the potential of FTIR imaging combined to multivariate statistical analysis as rapid and objective tool to monitor the molecular histopathology alteration of skin tissue during melanoma growth without tissue staining. The identification and quantification of these specific molecular changes within skin can provide diagnostic information for aiding in early detection of diseases and their optimized treatment. We have monitored the molecular changes associated with melanoma growth and invasion by FTIRM imaging to better understand the tissue transformation during carcinogenesis.This study demonstrated that FT-IRM imaging, with high spatially resolved morphological and biochemical information can be used as a diagnostic tool to understand the tissue alteration.
Multivariate statistical analysis such as cluster analysis allowed investigation of B16 melanoma progression (from day 4 to day 11 post implantation). Different clusters in the FTIR images were correlated to morphological and histological features. Our results showed that at 4 days after tumor implantation, FTIR investigations displayed a very small abnormal zone associated with the proliferation of B16 cells in the injection site. From this day, mice developed solid and well-circumscribed tumors. By using imaging technique, we were able to take in account the variance due to the heterogeneity of skin tissues. These constituents can be used as spectroscopic markers for early detection of tissue abnormality and discrimination among normal, invasion, and tumor. 
